Quantitative trait analysis (QTA) can be used to test whether the expression of a particular gene significantly correlates with some ordinal variable. To limit the number of false discoveries in the gene list, a multivariate permutation test can also be performed. The purpose of this study is to identify peripheral blood gene expression correlates of fatigue using quantitative trait analysis on gene expression data from 20,000 genes and fatigue traits measured using the multidimensional fatigue inventory (MFI). A total of 839 genes were statistically associated with fatigue measures. These mapped to biological pathways such as oxidative phosphorylation, gluconeogenesis, lipid metabolism, and several signal transduction pathways. However, more than 50% are not functionally annotated or associated with identified pathways. There is some overlap with genes implicated in other studies using differential gene expression. However, QTA allows detection of alterations that may not reach statistical significance in class comparison analyses, but which could contribute to disease pathophysiology. This study supports the use of phenotypic measures of chronic fatigue syndrome (CFS) and QTA as important for additional studies of this complex illness. Gene expression correlates of other phenotypic measures in the CFS Computational Challenge (C3) data set could be useful. Future studies of CFS should include as many precise measures of disease phenotype as is practical.
Differential gene expression analysis is one of the most widely used applications of microarray technology, whether it be for examining gene expression differences between predefined classes (class comparisons) or the classification of samples based on gene expression patterns (class predictions). An alternative approach to the data analysis of genome-wide expression data integrates measures of physiological traits with gene expression to identify genes and biological processes important in the resulting phenotype. The quantitative trait analysis (QTA) tool within Biometric Research Branch (BRB) ArrayTools [1] uses the Spearman correlation coefficient to test whether the expression of a particular gene correlates with a quantified trait. The program uses a multivariate permutation probability to control the number of false discoveries.
For complex diseases that are defined by case definition, rather than a diagnostic laboratory test, correlation of genetic changes with phenotypic measures of characteristics of the illness (i.e., endophenotypes) has been used to avoid errors in case ascertainment [2] . The approach may also be useful for gene expression data. The study of chronic fatigue syndrome (CFS) may benefit from endophenotype analysis, as there are ambiguities in the application of the case definition [3] , in addition to uncertainties about different disease subgroups.
An ideal endophenotype should be reliably measurable both over time and by different observers. As fatigue is an internal state, measures rely on self-report and may therefore be limited in their precision. However, the multidimensional fatigue inventory (MFI) developed by Smet and colleagues [4] does evaluate multiple dimensions of fatigue. As unexplained fatigue is the central feature of CFS, we chose to use the CFS Computational Challenge (C3) data (Vernon and Reeves [5] ) to explore the gene expression correlates of fatigue using QTA. Fatigue is a common symptom in many illnesses as well as in the general population. We started our analysis with this trait, despite the fact that fatigue measures are imprecise, as unexplained fatigue is the central feature of CFS. The C3 data includes the MFI to measure fatigue.
We found that QTA identifies 839 of the 19,760 microarray measured genes as showing a significant correlation with one or more MFI measures of fatigue. The fatigue-associated gene set implicates many basic cellular pathways and includes novel genes that are not functionally annotated or associated with identified pathways. There is some overlap with genes implicated in other studies using differential gene expression. However, QTA allows detection of alterations that may not reach statistical significance in class comparison analyses, but which could contribute to disease pathophysiology. This study supports the use of phenotypic measures of CFS and QTA as important for additional studies of this complex illness. Gene expression correlates of other phenotypic measures in the C3 data set could be useful. Future studies of CFS should include as many precise measures of disease phenotype as practical.
Methods
Data were derived from the population-based study of CFS described in the introductory paper of this issue [5] that was made available as the CFS computational challenge. The subset of data used and methods of data processing are described below.
Subjects
To avoid the potential impact that sex has on gene expression [6] , we excluded the 38 male subjects. We further excluded the 23 subjects with medical or psychiatric conditions (other than major depressive disease with melancholic features) considered exclusionary for the research case definition of fatigue. Thus, our analysis focused on data from 112 female subjects. Using disease classification based on the CFS research case definition as measured by scores on the symptom inventory, MFI and Short Form (SF)-36 instruments [7] , our study population included 40 CFS sufferers, 37 nonfatigued (NF) controls, and 35 individuals with unexplained fatigue with symptoms or severity short of the case definition (insufficient symptom fatigue [ISF]). One additional subject was excluded due to inadequate microarray data (see below); however, all 111 subjects with complete data were included in the QTA.
Quantitative measure of fatigue
We used the MFI [4] , a 20-item self-report instrument that addresses fatigue as a multidimensional construct, covering the dimensions general fatigue, physical fatigue, mental fatigue, reduced motivation and reduced activity. There are four items to each dimension measured on a Likert scale of 1 to 5 (higher score indicates greater fatigue), resulting in scores for each dimension that range from 4 (least) to 20 (most). The MFI shows good internal consistency, inter-and intrarater reliability [8] . This instrument was tested for its psychometric properties and found to have good internal consistency and construct validity in samples with CFS [9] .
Microarray data
The collated, background-subtracted net intensity values for microarrays in the C3 data set were processed prior to use in QTA. The data were normalized with multiplicative scatter correction [10] followed by quantile normalization [11] , which allowed for sample-to-sample trend removal and range adjustment. This normalization was performed from the raw data between each stage of the following quality assessment procedure. Microarrays were assessed by computing the mean Pearson correlation between each array and every other array in the dataset. Arrays with a mean correlation r ≤ 0.6 were excluded, which resulted in the removal of a single microarray. Replicates were evaluated by Pearson correlation for each pair and removed if r ≤ 0.9. None of the replicates were removed and the raw replicated data were averaged. The final 111 microarrays were normalized and log 2 transformed for analysis. The gene features from the entire data set were filtered to remove those with little or no variability by an F-test. Technical error was estimated for each feature as the pooled variance between replicates, this value was used as the denominator of the F ratio. The numerator or the signal variance was calculated as the variance of a feature across all 111 microarrays. The F test was calculated for each feature and the resulting p-values were corrected for multiple testing using the Benjamini-Hochberg criterion [12] with a false discovery rate of 0.001. Features with an F test result that did not meet this criterion were removed from further analysis. This reduced the number of features from 19,760 to 15,136.
Quantitative trait analysis
We correlated the normalized log-transformed signal intensities of the 15,136 genes with the subject's MFI scores for general fatigue, physical fatigue, mental fatigue, motivation reduction and activity reduction using quantitative trait analysis performed with BRB Arraytools v3.30 beta_3a [1] . We computed a statistical significance level for each gene based on testing the hypothesis that the Spearman's correlation between gene expression and the fatigue parameter was zero. The Spearman coefficient was chosen over the Pearson correlation as the fatigue measures were ordinal. These p-values were then used in a multivariate permutation test [13, 14] in which the fatigue scores were randomly permuted among arrays. We used the multivariate permutation test to provide 80% confidence that Gene expression correlates of unexplained fatigue -RESEARCH REPORT the false discovery rate was less than 10%. The false discovery rate is the proportion of the list of genes claimed to be differentially expressed that are false positives. The multivariate permutation test is nonparametric and does not require the assumption of Gaussian distributions. Those genes with Spearman's coefficients of p < 0.01 were used as correlates of fatigue.
Gene set annotations
To translate the lists of fatigue-associated genes into a functional profile from which we may be able to offer some insight into the cellular mechanisms relevant to fatigue we used two analytical tools:
• Gene Ontology Tree Machine (GOTM [14, 101] ).
This web-based platform annotates the gene symbol data using Gene Ontology (GO) hierarchies [102] . A hypergeometric test is used to compare the distribution of selected genes to those annotated in the whole human genome to indicate GO terms with enriched gene numbers, and thus biological functions of potential importance.
• Pathway Miner [103] maps Genbank accession numbers onto the metabolic, cellular and regulatory process pathways from the Kyoto Encyclopaedia of Genes and Genomes (KEGG) [104] , BioCarta [105] and GenMAPP [106] resources.
Results
The QTA identified 873 gene features whose expression significantly correlated to scores in one or more of the five dimensions of the MFI (Figure 1 ). The Spearman coefficients ranged from 0.47 to -0.39. Nearly two-thirds of these gene features (553/873, 63.3%) were associated with a single fatigue dimension. The other third were highly shared between dimensions; there were 14 genes associated with all five MFI dimensions (Table 1 ). 
Activity reduction (238) 67
General fatigue (255) 69
Mental fatigue (217) 115

Motivation reduction (395) 176
Physical fatigue ( The 873 microarray features represented 839 nonoverlapping Genbank accession numbers and included 696 (83%) that mapped to a Human Genome Organization (HUGO) gene symbol, of which only 687 were unique. GO annotation and evaluation using GOTM is restricted to the 687 with gene symbols. GO annotation was found for 460, 447 and 404 gene symbols in the biological process, molecular function and cellular component categories, respectively (Figures 2, 3 and 4). The fatigue genes were significantly enriched in 44 biological process (Figure 2 ), ten molecular function (Figure 3 ) and 11 cellular component (Figure 4 ) GO categories. To verify that this enrichment did not result because of genes included in the microarray, we repeated the analysis against the microarray gene list using Webbased Gene Set Analysis Toolkit (WebGestalt) [107] and found the same ontologies were being enriched (results not shown).
The largest group of enriched biological process GO categories encompassed 89 gene symbols and was related to development, particularly morphogenesis and organ development, predominately muscle (Figure 2) . The second group within enriched biological process GO encompassed 51 gene symbols and related to cell organization and biogenesis. The third group related to metabolism and encompassed 272 gene symbols. Several metabolic processes are enriched, including glucan, polysaccharide, energy reserve and lipid metabolism (32 gene symbols). Within the molecular function, GO categories enriched in fatigue genes (Figure 3) , the largest number of gene symbols (134) were categorized as protein binding, the majority in transcription factor binding (22) and transcriptional regulator activity (66). The enriched cellular component GO categories (Figure 4) include eukaryotic translation initiation factor 4F complex and several pertaining to endocytic vesicles and microtubules.
Pathway Miner was able to map slightly more than a quarter of fatigue-associated genes to pathways (215 of the 839 unique gene accessions; 25.6%; Table 2 ). Almost 40% of the fatigue genes annotated in Pathway Miner were mapped in metabolic pathways (82; 38.1%). Table 3 shows the pathways where four or more genes were mapped. The metabolism pathways identified by Pathway Miner show considerable overlap with those highlighted by GOTM. For example, the six enriched subcategories of GOTM polysaccharide metabolism (16 genes in Gene expression correlates of unexplained fatigue -RESEARCH REPORT Pharmacogenomics total) overlap with several Pathway Miner-identified metabolic pathways associated with glycolysis and gluconeogenesis, and oxidative phosphorylation (27 genes in total). Pathway Miner annotation of the fatigue-associated genes implicated six different signaling pathways (Table 3) : • Janus kinase-signal transducer and activator of transcription (Jak-STAT) (seven genes, KEGG) • Toll-like receptor (TLR) (four genes, KEGG)
• Target of rapamycin (mTOR) (five genes, BioCarta) • G-protein signaling (four genes, GenMAPP); three other G-protein coupled receptor (GPCR)-associated pathways were identified in GenMAPP and BioCarta accounting for a total of 13 unique gene symbols • Wnt signaling identified in both KEGG (ten genes) and GenMAPP (seven genes) sources with 12 unique genes 
Pharmacogenomics
Almost two-thirds of the genes were associated with only one fatigue dimension, but the remaining third were highly shared between dimensions. A total of 14 genes (Table 1) were associated with all five MFI dimensions of fatigue.
We used GOTM and Pathway Miner to map the fatigue-associated genes to functions and pathways. However, only 83% of the Genbank accession numbers (696/839) were linked with a gene product (HUGO gene symbol). Less than 70% of those with gene symbols had GO designations, and even fewer (26% of those submitted) could be assigned to known pathways. Overall, 50-75% of the genes correlating with MFI scores have unknown function and cannot be assigned to pathways. The lack of complete gene annotation limits the functional interpretation of the data. To maximize the number of annotated genes we submitted the entire fatigueassociated gene set to GOTM and Pathway Miner, and did not analyze the five dimensions of fatigue separately. All fatigue dimensions, except mental fatigue, shared more than half of their associated gene features with one or more other dimensions.
Despite limitations in annotation, the fatigue-associated genes mapped to several basic cellular functions including metabolism, transcriptional regulation and cell signaling pathways. Cell signaling pathways have extensive interaction and regulate nearly all biological processes, for example, metabolism, cell growth, proliferation and apoptosis, so it is not surprising to find that six major signaling pathways were associated with measures of fatigue. The GO annotation showed 66 gene products associated with transcription regulator activity, 22 of which were transcription factor proteins. It is not surprising that polysaccharide metabolism (glycolysis and gluconeogenesis) and oxidative phosphorylation, the principal source of highenergy molecules in every cell, are pathways to which several fatigue-associated genes mapped. Clearly this analysis indicates many highly interconnected basic cell processes are altered or perturbed with fatigue. However, the pathogenesis of fatigue is not elucidated.
Prior studies of peripheral blood gene expression in CFS have relied on differential gene expression to determine genes associated with illness. The QTA approach avoids strict disease classification, and relies on correlations of genes with measures of disease-associated phenotypes. In this analysis we focused on fatigue. Interestingly, three fatigue-associated proteins in the mTOR pathway (eukaryote initiation factors, protein components essential for translation through a protein complex involved in mRNA cap recognition) were previously identified as differentially expressed in CFS [16, 17] . Furthermore, nine of 16 genes validated as differentially expressed in CFS by Kaushik and colleagues [17] were associated with measures of fatigue by QTA. These included proteins in the adenosine triphosphate (ATP)-binding cassette subfamily, eukaryote transcription initiation factor complex, mitochondrial ribosomal proteins, anaphase promoting complex subunits and programmed cell death proteins. The overlap in genes associated with CFS by differential gene expression and with fatigue by QTA supports the utility of these complementary methods of analysis. In addition, it reinforces the central nature of fatigue to CFS. As QTA allows integration of other biological measures with gene expression, genes involved in specific phenotypes can be identified, extending the usefulness of microarray technology beyond class comparison.
There are, however, several limitations to this approach to data integration. QTA assumes that coordinated gene regulation is the same for all individuals in the population, independent of disease status, and that fatigue is a spectrum in the population. This may not be correct; there may be a disease-dependent association of gene expression with fatigue. This raises the question whether explained fatigue, for example that resulting from radio-or chemotherapy, or as a response to physical exercise, would have the same gene associations. Expression patterns common to fatigue in diverse disease associations may suggest novel approaches to therapeutic interventions. Further Gene expression correlates of unexplained fatigue -RESEARCH REPORT 
Outlook
The identification of the function of all genes that contribute to specific biological processes and complex traits is one of the major challenges in the postgenomic era. We believe the next few years will see a vast improvement in the annotation of databases that will include inferred and experimentally investigated gene functions, high-quality annotation of alternative splicing, pseudogenes and promoter regions. This will allow for very comprehensive understanding of the pathophysiology of disease. More of a systems biology approach to research will evolve, incorporating information from may sources. This will have a major impact on the way we discover and develop new medicines to treat chronic diseases. 
Highlights
• Using quantitative trait analysis (QTA), we integrated genome-wide expression data with measures of fatigue from the multidimensional fatigue inventory (a validated, self-report questionnaire) to explore the biological correlates of unexplained fatigue from a continuum of subjects with chronic fatigue syndrome (CFS) or CFS-like illness.
• Approximately 4% of the genes studied correlated with one or more dimensions of fatigue measured in the multidimensional fatigue inventory (MFI) (839 genes). We translated the list of fatigue-associated genes into functional profiles using Gene Ontology (GO) or pathway annotations. Approximately 50% of the data were mapped to a GO category, and only about 25% of the data mapped to a pathway.
• Biological areas associated with fatigue in this data set indicated impaired energy metabolism. Several signal transduction pathways were correlated with fatigue and these regulate a broad range of biological processes, for example, metabolism, the growth and the proliferation of a cell and apoptosis.
• There is some overlap with genes implicated in other studies using differential gene expression. However, QTA allows detection of alterations that may not reach statistical significance in class comparison analyses, but which could contribute to disease pathophysiology. This study supports the use of phenotypic measures of CFS and QTA as important for additional studies of this complex illness.
• One of several areas of research that need to be expanded upon from this study is whether the expression patterns associated with fatigue from this study of CFS subjects are common to fatigue in other diseases.
• There are several issues that urgently need to be addressed with regard to the annotation of gene expression data. Microarray probe selection for the commercially available arrays used in this study relied on earlier genome and transcriptome annotation, which is significantly different from current knowledge. Therefore, probe set information provided by the manufacturers of microarrays are no longer consistent with gene and transcript models in major public databases. This has a great impact on the analysis and interpretation of the data.
• The accurate and increased annotation of biological data, such as gene functions will provide a vital resource for future study.
Currently this is a stumbling block to gene expression analysis. In this study less than 50% of gene functions were known.
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